Introduction
Patent data offer a wide range of information for research in innovation economics, regional economics, and economic geography, among other fields in the social sciences. Patent documents contain information about the inventor's name, the owner's 1 name, the year and exact date of application 2 , the exact addresses of both the inventor(s) and the applicants, and the technological class to which the patent belongs. Further, merging these datasets with patent citations, non-patent citation literature, and firm data provides even more information and sheds light on the ways in which knowledge is produced, exploited, and spread.
Patent data should be treated with caution, since not all inventions are patented, not all inventions have the same economic impact, and not all patented inventions are commercially exploitable innovations (Griliches, 1991) . Nonetheless, patent data have proved their usefulness for proxying inventive activity because they present the minimal standards of novelty, originality and potential profits (Bottazzi and Peri, 2003) .
What has been less studied so far is the inventor herself: her personal characteristics, her linkages with other inventors or firms, and her professional and geographical mobility, and the implications of her presence in a given location for regional and national innovativeness, capability, and growth.
The reason why this literature is less fertile is basically that patent data do not provide a consistent list of unique personal identifiers. Unique IDs for each inventor and for anyone else are missing. The information which is closest to being a sort of inventor's ID is her own name (name, middle name, surname, and so on), and for this reason attempts to identify single inventors have mainly used it as a point of departure. However, this procedure is problematic for two main reasons. First, names and surnames contained in the patent document may well be spelled differently in each patent. Second, it is possible that two patents, with exactly the same name (say, John Smith) do not belong to the same inventor.
A large body of literature has sprung up in recent years to deal with these and related problems (Fleming et al., 2007; Carayol and Cassi, 2009; Giuri et al., 2007; Hoisl, 2006; Kim et al., 2006; Lai et al., 2009 , Lissoni et al., 2006 Raffo and Lhuillery, 2009; Trajtenberg et al., 2006 ; Thoma 1 The owner of a patent is the firm, institution, or individual who appears as the owner in the patent document -under the head "applicant". In the present paper we use the terms owner, applicant, or assignee indistinctively. 2 The priority year is the first year a patent was applied for worldwide.
and Torrisi, 2007) . 3 These authors have tried to contribute to the identification of individual inventors by using their names, certain patent characteristics, and different ad-hoc heuristics, in what they called "the Names Game" (Trajtenberg et al, 2006; Raffo and Lhuillery, 2009) . So far, however, no one methodology has shown its superiority over the others: indeed, most approaches present new advantages, but a number of shortcomings as well. Our suggestions in the present inquiry are inspired by this earlier literature, and try to contribute to enrich it at the same time. Our aim here will be to exploit what, in our opinion, constitute the main advantages of these studies and at the same time to avoid their main drawbacks. The methodology developed will be applied first to a small sample of inventors which we will use as benchmark to test the goodness-of-fit of the approach, and then to a large dataset of European patents applied for by European inventors over a long period of time.
We should mention that some of the researchers mentioned have recently joined the "Academic Patenting in Europe (APE-INV)" project led by KITES-Bocconi University. This project aims to compile a set of best practices for identifying inventors from patent data. A summary of this project can be found in Lissoni et al. (2010) 4 , which also provides an updated survey of related studies.
In the next section, we present a detailed explanation of the problems faced and the solutions adopted. Broadly speaking, the aforementioned literature divides the procedure for identifying inventors into three main stages (see Raffo and Lhuillery, 2009 ). The first stage deals with data cleaning, homogenization and standardization. The second stage matches the name of the inventors in order to form groups of patents potentially belonging to the same inventor. Finally, within each group of patents, a variety of heuristics and algorithms have been used to perform pair-wise comparisons and to establish whether pairs of patents belong to the same inventor or not.
The outline of the paper is as follows. In section 2 we explain in detail the three-step methodology.
Section 3 presents some results of the algorithm applied to a subsample of European patents, manually checked by Carayol and Cassi (2009 2. The "Names Game" using patent data Patent data contain a huge amount of information that are very useful for a variety of analyses.
However, they do not provide a consistent list of unique inventors' personal identifiers. In this situation, it is necessary to use the inventor's name and surname reported in the patent itself.
Unfortunately, this strategy faces two main problems. The first occurs when the name (or surname) of the same inventor is spelled differently on different occasions (Ericsson versus
Eriksson; Webber versus Weber; Smith versus Schmyt; and so on). The second concern is known in the literature as "the John Smith problem": i.e. when two inventors with exactly the same name are not actually the same inventor. To cope with this difficulty, the literature suggests performing a list of algorithms aimed to identify single inventors by using their names and surnames and other useful information disclosed in the patent document. Following Raffo and Lhuillery (2009), and using their terminology, we divide the methodology to obtain the final data into three steps:
parsing, matching, and filtering stages.
The parsing stage
The first step is to clean up the fields of the database containing the name and surname of the inventor, and the field with their addresses. We also want to homogenize and standardize the structure of each field and its content as far as possible, in order to allow comparisons between records.
For the case of the "inventor's name" field, basically we proceed in two ways. We also replace all the non-corrupted accentuated characters with their non-accentuated counterparts. The last cleaning-up task is to upper case all the characters and drop slashes, hyphens, accents, diereses, and so on. The full list of changes made is presented in Appendix 2.
Secondly, we harmonize the field as far as possible by placing the surname(s) of the inventor, the first name, and the middle name in different fields. The idea is to use both the surname and the first name as the basis for the subsequent algorithm (see the next subsection). 
The name matching stage
As we said earlier, most of the algorithms found in the literature use the inventor's name and surname to decide "who is who" in the "names game". However, even after cleaning, standardizing, and harmonizing these fields, we may find a string of two inventors' names that actually belong to the same inventor but are assigned to different people -for example, due to spelling errors. Therefore, the second step consists in encoding the strings of the fields mentioned in order to minimize these spelling problems which have introduced variations of the same inventor name. So the name matching algorithm helps us to minimize the Type I error 8 .
Name matching algorithms are designed to solve spelling problems like the ones described above. Actually, name variation takes many forms. As reviewed in the literature (Branting, 2003; Snae, 2007) examples. Given the features of our dataset (with a predominance of English and German-origin names), phonetic algorithms seem to be the most suitable. Among them, the Soundex algorithm is one of the most widely used. Although it was initially designed for English names, it has been extended to other languages. It is the name matching algorithm used in Trajtenberg et al. (2006) and Kim et al. (2006) as well, and, as the authors recognize, the algorithm is quite reliable except for Asian names (whose presence in our dataset, we suspect, will be nominal).
Soundex was developed in the 1930s by the US Census Bureau and was used to list all the individuals in the US census records since 1880. It encodes by using the first letter of each string followed by a number of digits representing the phonetic categories of the next consonants. The vowels and the consonants H, W and Y are ignored, and adjacent letters from the same category are encoded with a single digit. The 0 is used when the string finishes before the whole number of digits has been used. The rest of the letters are encoded as follows: Table 1 . Soundex coding scheme
In the present paper, we encode the surname with the first letter of the string and six additional digits, and the name of the inventor using the initial letter and again six additional digits.
Combining the Soundex-codes of the surname and the name, we build what Trajtenberg et al.
(2006) term p-sets (potentially the same inventor). Each different p-set is therefore identified as a different, unique inventor. In this way, with the same Soundex-code, we encode the strings that differ slightly but actually belong to the same person (like those of the above examples). Dalmon', 'Jean Jacques Dulin', 'Joaquim Joao Delima', 'John Lionel Delany' will share the same p-set code, D450000J500000 -although, obviously, they are not the same person. Of course, Soundex will encode two researchers named "John Smith" with the same code, even though they do not correspond to the same person. To solve these two types of error, we need to go on to the third stage of the methodology.
The filtering stage
In this third step we perform pair-wise comparisons within each group of possible same inventors in order to minimize Type II errors 9 . The approach chosen in this stage resembles the methodologies used by Lissoni et al. (2006) and Trajtenberg et al. (2006) .
We run as many tests as the raw data permit, squeezing all the information linked to each patent in order to optimize the identification procedure. We then assign an arbitrary score to each comparison made and add up the total scores for every pair-wise comparison. This produces the "similarity score" for pairs of inventors with the same Soundex code. We then compare it with a pre-determined numerical threshold, which we use to decide whether two records belong to the same inventor or not. After this, transitivity must be imposed in the sense that, although two inventors, say A and C, are not considered to be the same person -i.e., their "similarity score"
derived from their multiple comparisons does not reach the minimum threshold -we impose that they are the same person if A is the same person as B and B is the same as C.
The code to run the pair-wise comparisons was written with Java using the Netbeans software.
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In Table 2 (section 3) we show the tests we have performed, and the scores assigned to each test. Basically, all the information retrieved is taken from the patent document itself, with few exceptions. As stated above, patent document information is stored in various databases.
PATSTAT is the original one, but we use the information stored in the REGPAT database prepared by the OECD; REGPAT contains basically the same information as PATSTAT, but it includes information from the region corresponding to the inventors' addresses reported in the document. The NUTS3 code is therefore included, from which the NUTS2 code can easily be retrieved, if necessary. As far as the applicants are concerned, we use data from the KITES-9 "Type II errors" are the ones incurred when we end up matching records that in fact belong to different inventors. 10 Ismael Gómez-Miguélez is the main author of the code. 11 We use the KITES databases due to our participation in the APE-INV project, led by Francesco Lissoni, from the KITES research group. We are very grateful for the opportunity to take part in the project, which in fact enabled us to carry out the present research. 
Testing the algorithms: The benchmark dataset
Once the three-step methodology is designed, it should be applied to real patent data. The main problem is that we have no way of ascertaining whether the methodology proposed in the present study (as well as other similar methodologies shown elsewhere) is good enough to identify individual inventors. In trying to overcome this difficulty, we use a sample which has been checked manually. Using this benchmark, we decide on a scoring scheme that will give us the highest goodness-of-fit, and we apply this same scoring scheme (and threshold) to the whole dataset. We acknowledge, however, that this procedure is dependent on the "quality" of the benchmark, that is, on the extent to which this benchmark is truly representative of the whole dataset.
The benchmark used is the one designed by Carayol and Cassi (2009) , which we were able to access through the APE-INV project. Obviously, we are indebted to them for their invaluable work in manually checking the sample. 
The French academic inventors' benchmark

Goodness-of-fit measures and approach used
Before going further, we now show the measures chosen to assess the goodness-of-fit of our algorithm vis-à-vis different scoring schemes and thresholds: -True Positives are each pair of patents belonging to a given same inventor in the benchmark which the algorithm also identifies as belonging to the same inventor.
-False Positives are each pair of patents not belonging to a given same inventor in the benchmark which the algorithm does identify as belonging to the same inventor.
-False Negatives are each pair of patents belonging to a given same inventor in the benchmark which the algorithm does not identify as belonging to the same inventor.
-And, for information, True Negatives are each couplet of patents not belonging to a given same inventor in the benchmark which the algorithm does not identify as belonging to the same inventor.
We turn now to the description of our approach. As is well known, one of the main problems in this type of exercise is the decision regarding the weights that should be assigned to each of the characteristics tested. Earlier studies have not established a common approach, and some of them give a relatively homogeneous score to each test (Lissoni et al., 2006) . Others give different scores that assign an (arbitrary) level of importance to each test (Trajtenberg et al., 2006) , whilst some other examples merely decide whether or not two equal names belong to the same person if they share a common, arbitrary characteristic -like the technological class at 4 digits (Agrawal et al., 2006 , or other characteristics in the case of Hoisl, 2006, and Kim et al., 2006) . A recent study by Carayol and Cassi (2009) is the first attempt to "estimate" the scores and thresholds, giving a "true" sample. In an attempt to keep things simple, here we start with a homogeneous scoring scheme, as in Lissoni et al. (2006) . We give different values to one of the parameters, specifically the threshold up to which a given pair of records is said to belong to the same inventor, and we present the results for 31 different thresholds. We repeat this same procedure using different scoring schemes, by giving heterogeneous scores to the tests, following previous studies (Agrawal et al., 2006; Trajtenberg et al., 2006) , and our own common sense. None of these alternative scoring schemes can be said to be superior to the one above (they can be provided upon request from the authors). In table 2 below, we recall the tests applied and show the scores given to each test. 
Results on the French academic inventors' benchmark
In Figure 1 and Table 3 we show the results of the algorithm applied to the French noisy benchmark, using the scoring scheme detailed in Table 2 and different thresholds, from 0 to 30.
As can be seen, the precision and recall rates are very high. We can also choose the threshold that best suits our purposes. Figure 1 below shows the points resulting from the combination of recall and precision rates. Given that the main purpose of the subsequent econometric estimations is the study of inventors' professional and geographical mobility and of the strength and scope of their collaboration networks, we are especially interested in minimizing the number of false positives (that is each pair of patents which do not belong to the same inventor in the benchmark but which the algorithm identifies as belonging to the same inventor) but without compromising the number of false negatives. Consequently, given the scoring scheme mentioned above, by setting the threshold at 15 we have a reasonably limited number of false positives (32) and the lowest number of false negatives among the thresholds with only 32 false positives. Note that when the threshold rises from 14 to 15, the number of false positives falls sharply, while going beyond 15 the number does not fall substantially, while the number of false negative increases steadily. 
Whole patent dataset and descriptive statistics
In this section, we apply the methodology described so far to the whole dataset of patents.
Specifically, we apply the procedures to the REGPAT database (OECD, January 2010 edition).
First we briefly describe the data used, alongside a number of figures. Then we present a summary of results in terms of inventors identified, their average characteristics, their technological and spatial distribution, and their evolution over time. 
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The REGPAT database for Europe
The raw data for our study were collected from the OECD REGPAT database (OECD, January 2010 edition). This dataset uses data from the PATSTAT database to link the addresses of the inventors and applicants of each patent to more than 2,000 regions throughout the OECD countries (see Maraut et al. (2008) for a description of the methodology). Thanks to their fruitful work, we can identify the region in which each inventor works when she applies for a patent.
Basically, they focus on the process of regionalization of patent data at very low levels of disaggregation, which they assess using the addresses of the inventor recorded in patent documents (the ZIP code or, in its absence, the town name). This regionalization procedure provides researchers with a complete dataset of patents applied for at the European Patent
Office, and contains a wealth of information, i.e., the publication number, the priority year (that is to say, the year when a patent was filed for the first time), information on the name, address, region code and country code of the inventor(s) and applicant(s) of each patent, the share of the patent that corresponds to each inventor or applicant -in order to account for co-authorships and multi-applicants -and finally the technological class(es) to which each patent corresponds.
We restrict our identification methodology to inventors living in European countries. The full list of countries is shown in Appendix 4. From a time dimension perspective, we exploit all the data available and hence have data from 1978 to 2005. According to Maraut et al. (2008) , the OECD's regionalization process reached a success rate of 98% for the case of EPO patents. However, for some countries this process ended up in allocations of NUTS codes with a breakdown -for the case of Germany, for instance, the share of addresses with a breakdown into different NUTS3 is around 14% (Ibid.). Since correct regionalization is a priority for us in order to be able to study mobility across regions, we remove all the patents with a regionalization breakdown below 70%.
Additionally, for some addresses no allocation is obtained, for various reasons: town names allocated to different NUTS3 regions, addresses referring to a wrong country, the address field is empty or not valid, and so on. We also remove all these patents. All in all, however, the number of records eliminated for these reasons does not exceed 1.8%. Our final dataset contains 2, 297, 196 records, corresponding to all the pair-wise combinations of inventors' name strings plus the patent number, from 1978 to 2005. This corresponds to 1,041,080 different patents, representing an average number of different inventors per patent of around 2.21. The distribution of EPO patents across countries is highly unbalanced (see Figure 2) ; Germany is the most productive country in terms of innovation outputs, followed by France and Great Britain, regardless of whether patents are aggregated by fractional or full counts. The last country in terms of patents production is Malta. 
1978-2005
Additionally, this uneven distribution remains practically unchanged over time. Figure 3 shows the distribution of patents across countries at two different points in time, separated by a 20-year gap. 1977 1978 1979 1980 1981 1982 1983 1984 1985 1986 1987 1988 1989 1990 1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 The spatial distribution of patents is even more unbalanced if we look at the regional level (NUTS2 level of regional desegregation). The two maps in figure 5 correspond to the regional distribution of patents at separate moments in time. As we can see, this distribution is very uneven as well, and in some cases it is also uneven inside countries -in the UK and Spain, for instance. Regarding the time dimension, more regions show dark shades in the second period than in the first one, though the differences in patent production remain large and virtually unchanged across time for the majority of regions. As for the addresses, the records are distributed in 127,131 different zip codes, 151,582 cities and towns, 1,312 NUTS3 regions, and 289 NUTS2 regions. Table 5 shows the most repeated zip codes, cities, NUTS3 and NUTS2 in terms of numbers of records. The matching stage After applying the name matching algorithm, that is, the Soundex code for names and surnames, several points should be stressed. Recall from the previous sections that this algorithm avoids the spelling problems that introduce variation in the inventors' name field if a given pair of records belongs to the same inventor. Unfortunately, however, this algorithm forces us to compare two clearly distinct names that may share the Soundex code for name and surname. As a result of applying the name matching algorithm, we ended up with 379,030 different Soundex codes. In Table 6 below, the most repeated codes are shown, alongside their frequency within our dataset.
Thus, on average, every different Soundex code comprises 1.79 clearly different combinations of name and surname -which, however, may be due to completely different names, or due to misspellings of the same name. The distribution of the inventors identified across countries is also very uneven. As expected,
Germany is the country with the highest number of inventors (as in the case of patents), followed by France and the UK (Table 8 and Figure 6 ). 12 At the other end of the scale, Malta is the country with the fewest inventors throughout the period. Thus, this unbalanced spatial distribution of inventors is further confirmed in the following maps ( Figure 6 ) where the distribution of inventors over population is depicted both at country level (i) and at the NUTS2 level (ii). Another interesting point is the distribution of inventors across technological sectors. 13 Figure 8 below shows this distribution across technologies for the whole period under analysis . As can be seen, industrial processes, mechanical engineering, and electrical engineering are the sectors with the most inventors. However, in contrast to their spatial distribution, the differences across technological sectors are not that pronounced. 1981-1985 1986-1990 1991-1995 1996-2000 2001-2005 
Conclusions
We describe in detail our methodology for identifying individual inventors through the use of patent documents. To recap, this methodology comprises three steps: first, a cleaning-up process of the raw data; second, the use of SOUNDEX, a name matching algorithm, in order to group possible similar names; and third, a "splitting" algorithm to ascertain whether pairs of grouped inventors are the same person or not. To undertake this final step we suggest a set of tests which use as much information as possible from the patent document itself. We assign a score to each test and then add up the scores. If the total score reach a minimum threshold, a given pair of inventors were said to be the same person. In order to choose the scores we run our algorithm iteratively for a small sample of French academic inventors for whom we know exactly "who is who". We calculate recall and precision rates (false positives and false negatives) from this benchmark, and use the scoring scheme and threshold which best suits our purposes.
Our procedure for choosing the scores could be criticized, as we were not able to run all the possible combinations of scores and thresholds using all the tests performed. In future research we plan to design an algorithm capable to decide endogenously the scores of the splitting algorithm by itself (this is done in a way by Carayol and Cassi, 2009 Parsing by eliminating non-letter characters and symbols from the name string, drop blank spaces, and capitalisation Soundex code of surname and name Different arbitrary scores given to a set of characteristics tested (in order of importance): full address, self citation, same collaborators, middle name and surname modifiers, assignee, city and technological class of the patent. Arbitrary threshold.
